Over recent years, the phenomena, Web 2.0 has led to the growth of volunteered geographic information (VGI). The emergence of VGI has played an important role in providing timely data when the costs and its availability is a major concern particularly during emergency and humanitarian efforts. The worldwide crowdsourcing efforts through OpenStreetMap (OSM), the most successful open platform for collaborative mapping have managed to assist authorities such as during the 2017 Mexico earthquake and Hurricane Irma and Maria that impacted several countries in America continent. However, there are lots of arguments on the quality of VGI, particularly in regard to OpenStreetMap (OSM). Therefore, this study was carried out to assess the quality of OSM against authoritative sources using a dataset of Putrajaya, Malaysia. This study assessed the quality of OSM, including completeness, positional and thematic accuracy. From the preliminary assessment, the results showed that the OSM data was good in terms of relative positioning accuracy, particularly in road feature, but still poor in terms of completeness and thematic correctness against the reference dataset. This study is significant with an expected contribution to the assessment of quality of VGI in developing countries that commonly facing slow-paced progress in mapping the OSM. The findings could be used as a basis for various parties that plan to use OSM in Malaysia, particularly Putrajaya as a supplementary data to authoritative sources, including data supplied by the professional surveyors.
INTRODUCTION
Volunteered Geographic Information (VGI) is a result of the growing range of interactions enabled by the evolving web. Volunteered Geographic Information (VGI) is a term coined by Goodchild (2007) as a process of collecting spatial data by individuals, most times on a voluntary basis. It denotes to "geospatial data that are voluntarily created by citizens who are untrained in the disciplines of geography, cartography or related fields" (Seeger, 2008) . In some cases, VGI is the cheapest and only source of geo-information, particularly when access to geographic information is considered an issue of national security (Neis and Zielstra, 2014) . Producing maps and geographic information by non-expert citizens who do not have the professional qualifications associated with geospatial analysis are known by different terms, such as Neogeography, Ubiquitous cartography, and VGI (Esmaili et al., 2013) , although basically they are referring to similar phenomena.
VGI has been used in various contexts. National and regional mapping agencies are increasingly obtaining benefit from VGI. There are several reasons for producing VGI, such as usage as a base map, emergency reports, and in citizen science programmes as it was widely used in scientific studies. The worldwide crowdsourcing efforts through OpenStreetMap (OSM) have managed to assist authorities such as during the 2017 Mexico earthquake and Hurricane Irma and Maria that severely impacted several countries bordering the Atlantic Ocean (OpenStreetMap Wiki contributors, 2017) . OSM aims to provide a free digital map of the world through volunteers" efforts. The data is collected by many volunteers around the globe and collectively stored in a central database, then distributed in multiple digital formats through the World Wide Web (Haklay, 2010) .
There are several online mapping applications that serve as VGI platforms, including Wikimapia and Google Map Maker, though OSM is currently the active platform, particularly in developed countries. In Malaysia, the concept of VGI was introduced in Malaysia for more than a decade when the early participatory mapping was initiated by a local NGO in 1994 (Idris et al., 2016) . Nevertheless, the effort of OpenStreetMap (OSM) was slowly started in Malaysia in late 2011, when only four users were registered at that time (OSMStats, 2017) . The OSM efforts in London was started seven years earlier, which in August 2004 (Haklay, 2008) . At present, the Germany has the highest number of OSM members and Zimbabwe has the highest number of created nodes (OSMStats, 2017) though United States has been claimed as having the highest coverage of OSM data due to the availability of TIGER/Line import tool in OSM platform (Zielstra and Hochmair, 2011) .
The increasing popularity of OSM prompted to a considerable number of researchers to investigate its data quality. Most of early studies were focused on European OSM datasets. For example, Haklay (2008) assesses the positional accuracy and completeness of OSM in London and demonstrated the road networks as fairly accurate with 80% of overlap with the reference datasets. Similarly a study is conducted by Kounadi (2009) compares OSM with the Hellenic Military Geographical Service (HMGS) datasets and found out most OSM roads were in good quality. In French, Girres and Touya (2010) compared the OSM data with datasets from the French National Mapping Agency. The study showed that the quality of OSM dataset was heterogeneous due to a lack of standardized and precise specification that would allow contributors to provide good quality data. Nies et al. (2012) assessed the quality of road networks in German OSM datasets and found out the total length of road networks have exceeded the commercialTomTom dataset especially in high population area. Zielstra and Hochmair (2011) have assessed the quality of OSM dataset in outside Europe where they have identified different patterns of OSM in United States. The dataset shows high coverage in rural compared to urban area due to the availability of open source data from US Census Bureau and US Geological survey that could be imported into OSM platform.
Several studies have been devoted to assess the quality of OSM in developing countries. For example, in South Africa, Siebritz (2015) identified heterogonous quality across study area where more developed area received more contributions than low urban density area. In Indonesia, Aditya et al. (2012) assessed the quality of OSM datasets and identified variation of quality from good to poor across the five cities that were assessed. The OSM efforts in developing countries are progressing at a slowpaced where motivation to contribute is still lower compared to the European countries (Sehra et al., 2012) . High concentration of OSM members influences the coverage and quality of OSM datasets for the countries (Neis et al., 2013) . In Malaysia, OSM dataset is commonly used as a base map to support the top layer data as it is freely embedded with web mapping platforms such as ArcGIS Online, QGIS, 1MalaysiaMap (www.mygeoportal.gov.my/). OSM dataset is also embedded in Ushahidi platform (www.ushahidi.com) that commonly used for disaster and crisis management. Idris et al. (2016) have highlighted the missing of road networks and names in OSM Malaysia particularly in suburban and urban area that led to a difficulty to locate point of interests during disaster through Ushahidi platform. Therefore, this paper discusses the quality of OSM dataset in Malaysia, evaluating its positional accuracy, thematic correctness and completeness of dataset against authoritative dataset. This study assessed the quality of OSM dataset in Malaysia that focus on Putrajaya area, a Federal Territory that has been established as the Malaysia federal government administrative center after shifted from Kuala Lumpur in 1999.
METHODOLOGY
This study applied extrinsic OSM assessment, in which OSM and reference data can be compared to one another (Jacobs and Zipf, 2017) . The external data source that obtained from the Perbadanan Putrajaya (PPJ) was considered as spatially complete. Quality can be defined as the "fitness for purpose" which practically means the suitability of data for solving problems with specific requirements (Coote and Rackham, 2008) . According to ISO 19157 standard (2013) , there are six spatial data quality elements that could be measured including data completeness, logical consistency, positional accuracy, thematic accuracy, temporal quality and usability element.
However this study focussed on the common quality elements in assessing OSM dataset (for example see Haklay, 2008; Nies et al., 2012) that assessed the completeness, positional and attribute consistency of OSM dataset with authoritative sources.
Study area and data preparation
The study area used in this study is the Federal Territory of Putrajaya, Malaysia, a Federal Government Administrative Centre managed and administered by Perbadanan Putrajaya (Putrajaya Corporation). Putrajaya is the new federal government administrative center in Malaysia. Putrajaya is well structure developed as an intelligent city to facilitate communications and interactions between government office, business and the community. Putrajaya covers an area of 4931 hectares of land and about 25km from Kuala Lumpur. The OSM data sets of Putrajaya that covered from May 2014 to December 2016 were converted into shapefile format and visualised in ArcGIS software. The reference vector data that were originally projected in custom Cassini coordinate system, namely Putrajaya Grid (in shapefile format) were obtained from the local authority that administers the Federal Territory of Putrajaya, namely Perbadanan Putrajaya (PPJ). For comparison, both data were projected onto the Rectified Skewed Orthomorphic (RSO) projection. Before conducting the quality assessment, the OSM data were pre-processed as below 1) Filtering -The attributes of road and building features were extracted from the OSM datasets. 2) Feature matching -Corresponding roads and polygon features between the PPJ and OSM data were identified based on the semantic keywords as shown in Table 1 Goodchild and Hunter (1997) was chosen to compute the positional accuracy of road features in this study. By using this method, the accuracy is determined by the percentage of OSM road that is within the buffer of the corresponding PPJ road feature. There were 180 road segments were assessed to identify the percentage of overlap of PPJ data. The 180 road segments were divided distinctively into three types of road types, namely primary, secondary, and residential roads. As the PPJ represents the two directions as a single line, this study used different sizes of buffer around different roads. By referring to the national road specification, (JPBD, 2007) , the primary, secondary and residential road of PPJ dataset were buffered 7 meter, 6.6 meter and 5.6 meter respectively. Then, the data were overlaid with OSM roads to compute the overlap percentage by using equation (1) (Goodchild and Hunter, 1997) as follow; 100 Overlap % = (length of tested dataset lies within the buffer/ total length of tested dataset)*100 (1) Meanwhile, for compute the overlap of polygon features, this study used the equation (2) as follow; Overlap % = ((area intersect / buffer area of OSM road selected) * 100)
The relative positional accuracy was also computed by calculating the root mean square error (RMSE) of two coordinates (points A to B) of same features in both datasets by using equation (3) In this study, the correctness of road class was calculated by comparing the length of road with the correct "type of road" against PPJ dataset using equation (5) as below as below (Kounadi, 2009) ; Correctness % = ((A/B) * 100) (5) (5) Where, A = OSM road length with correct class B = OSM total road length The correctness of road and polygon features" names were calculated by by comparing the correct number of feature name against PPJ dataset as equation (6) as below (Kounadi, 2009) ; Correctness = ((C/D) * 100) (6) (6) Where, C = number of the features with correct name D = total number of OSM features
RESULTS AND DISCUSSIONS

Positional accuracy of roads
Of the 180 road segments that were buffered, the overlap percentage of roads that was overlap is 94%, which indicates that the positional accuracy of road segments in OSM is good. This percentage is nearly comparable to the positional accuracy of road segment in London that demonstrated as 80% overlap by Haklay (2008) . As shown in Table 3 , there are a total of 60 road segments that for each category where secondary roads and residential road show good quality compared to primary roads, though the differences are not significant. However it is worth to highlight the relative positioning of road features in urban area is of higher quality than suburban area, particularly in primary road feature. The relative positional accuracy of 137 roads that were calculated by using equation (1) indicates the error (RMSE) between OSM and reference dataset was +-0.72 meters. Figure 3 shows a snapshot of overlap between two buffered roads. 
Road
Positional accuracy of polygon features
The positional accuracy for polygon features in OSM is fairly good which is 70%. Table 4 shows the percentage of overlap using equation (2). From the Table 4 , worship buildings and lakes have the highest percentage overlap. As differences of digitization style by various users may influence to the percentage of overlap between objects (Saiful, 2012) . Some users may digitize exactly on top of the building according to the shape of the building, while the rests may digitize it without following the exact shape of the building. The relative positional accuracy of 157 polygon features that were calculated by using equation (3) indicates the error (RMSE) between OSM and reference dataset was +-1.49 meters. 
Polygon Features Percentage Overlap
Residential
Completeness
Completeness measures the absence of data and the presence of excess data (Oort, 2006) . This study assesses the completeness of road and polygon (i.e. building) features. By assessing completeness, we can identify which areas that are well covered and which area that need further work by the OSM community (Haklay, 2008) . The total length of OSM roads was compared with the reference data. The OSM road networks is 638.6 kilometres in length and PPJ road network is 716.56 kilometres. The OSM network is only 11% less complete than PPJ network. Figure 4 shows the overlaying of OSM on top of PPJ datasets, which displays areas with omitted data. From visual inspection, complete road networks are demonstrated in Precinct 1, 2, 3, 18, and 20 while in precinct 5 and 9 demonstrated as almost complete. Precinct 12 and 16 shows the lowest in terms of completeness. Generally, the completeness of OSM data is very good with a percentage of 89%. Most of the complete roads are primary roads whereas incomplete roads are residential roads. This is in line with the study by Neis et al. (2012) that indicates majority of the unnamed streets are streets that are either within or close to residential areas. Table 5 , the road name completeness shows that only 59% of roads are labelled where the rests of names for roads (41%) in OSM datasets are missing. Figure 5 shows the OSM road networks map with correctly attributed names and vice versa. It can be seen that most of the road names are incomplete. Higher number of roads was labelled in Precinct 14. The percentage of name completeness is low, though the completeness according to the total road length is high. Most of the labelled roads were primary roads. The reasons might be due to the practice of OSM contributors of not editing the attributes while digitizing the roads. They might not know the local name of the road they digitized, especially when the data have been digitized from satellite images (Neis et al., 2012) . Kounadi (2009) also argue the approach used by volunteers to upload data might influence to this issue. This is because if volunteers collect data using a GPS device, then they can note down the name of the roads and add the information during the editing process; however if they adding attribute names by referring to commercial maps such as Microsoft Bing Map, there is a restriction due to the copyright laws. Completeness assessment of polygon features shows that only 2% are digitized as shown in Table 6 . This shows that volunteers might not focussed in digitizing the building features. More than 95% polygon features are omitted in OSM compared to PPJ datasets. From Table 7 and Table 8 , residential buildings show the lowest number of completeness. Out of 4,239 residential buildings in PPJ datasets, only 25 buildings were digitized by OSM volunteers and mostly focused in Precinct 18. In contrast, medical centres and lakes were completely digitized. There are 54% of features that represent institutional buildings mapped in OSM where the precincts (i.e. Precinct 1, 2, 3, 4 and 10) that allocated for government administrative buildings are completely mapped. From Table 9 , many residential, educational, and commercial buildings are missing in OSM dataset as their percentage of completeness is very low. From our visual inspection, the completeness of commercial buildings was high at Precinct 2, 3, 4 and 5, the areas that located many federal administrative buildings and popular tourist area including the Prime Minister"s office and Putra Mosque. This study also found out the precincts that still incomplete in OSM was in the suburban area (e.g. Precinct 8 and 11) and in the area that is located between the boundaries of Putrajaya (e.g. Precinct 5). This is in line with the findings by Haklay (2008) that stated there is a decrement of OSM quality particularly in the outskirt of city due to not well covered by OSM volunteers. 
Thematic Accuracy
Thematic accuracy can be measured by computing the accuracy and correctness of the attributes and of the classification of features and their relationship (ISO 19115, 2005) . This study assesses the correctness of road classes and names. Table 9 shows that only 41% of OSM roads are classified correctly and matched with the PPJ reference dataset. A total of 5.7% of primary roads and secondary roads are misclassified as secondary and tertiary roads, respectively. Roads classified as residential show a higher percentage of roads with the correct classification type. In contrast, roads classified as a primary road show a lower percentage of correctly classified. One reason might due to OSM contributors seem unsure about the road type, either "tertiary", "unclassified" or "residential", hence they usually prefer to leave the "road type" as blank code, which results in it appearing as unclassified on the OSM map. It also might be due to lack of knowledge on the area they choose to digitize. The percentage of roads with correct attributes resulted in 30% of overall road segments in OSM. Out of 638.36 km total length of OSM roads, only 191.9km were named correctly, while the rest were incorrect. In general, the correctness of the road names was low. Table 10 shows a sample of roads that were misnamed. The factor for misnamed roads might be due to the fallacy mistakes by OSM contributors in obtaining the road name while doing fieldwork (Saiful, 2012) .
Type of roads
Incorrect names in OSM dataset
As in the reference (PPJ) dataset
Lebuh Wadi Ehsan Persiaran Timur
Putrajaya Link Persiaran Barat
Lebuh Sentosa Lebuh Saujana Jalan Kemerdekaan Jalan P18 
CONCLUSION
Despite the late emergence of OSM community in Malaysia compared to developed countries such as United Kingdom and French, this study has demonstrated that OSM dataset of Putrajaya Malaysia has good quality of road networks where 94% of road networks that have been sampled were 100 percent overlapped when compared to the reference dataset. OSM datasets of Putrajaya have mapped many important features, such as police stations, medical centres, fire stations, multipurpose hall and worship buildings, although the number of building features is still low which less than 2%. The correctness of thematic classification and features" names were found below than 50%. Therefore, OSM is fairly suitable to be used as additional data for the Putrajaya area though more efforts should focus on mapping the building features and adding more attributes of features. The slow-paced progressing of OSM efforts in Malaysia is become a challenge as to increase the quality of OSM in Malaysia, it will depend on the number of OSM contributors concentration. The motivation to contribute need to be further explored as different cultures and socioeconomic particularly in developing countries influence the reason to involve in such volunteering efforts.
There are several limitations of this study. Due to the scope of assessment being limited to a Putrajaya dataset, the findings might not be able to represent for the overall quality of OSM for Malaysia. The assessment of quality was limited to four quality elements (i.e. relative positioning, usability, attributes and completeness). Future research is suggested to include other quality parameters, including temporal accuracy and logical consistency and consider the intrinsic quality evaluation for assessing VGI.
This study is significant with an expected contribution to the assessment of quality of VGI in developing countries that commonly facing slow-paced progress in mapping the OSM. The findings could be used as a basis for various parties that plan to use OSM in Malaysia, particularly Putrajaya as a supplementary data to authoritative sources, including data supplied by the professional surveyors.
